The plant apoplast is integral to intercellular signalling, transport and plant-pathogen interactions. Plant 10 pathogens deliver effectors both into the apoplast and inside host cells, but no computational method 11 currently exists to discriminate between these localizations. We present ApoplastP, the first method for 12 predicting if an effector or plant protein localizes to the apoplast. ApoplastP uncovers features for apoplastic 13 localization common to both effectors and plant proteins, namely an enrichment in small amino acids and 14 cysteines as well as depletion in glutamic acid. ApoplastP predicts apoplastic localization in effectors with 15 sensitivity of 75% and false positive rate of 5%, improving accuracy of cysteine-rich classifiers by over 16 13%. ApoplastP does not depend on the presence of a signal peptide and correctly predicts the localization 17 of unconventionally secreted plant and effector proteins. The secretomes of fungal saprophytes, necrotrophic 18 pathogens and extracellular pathogens are enriched for predicted apoplastic proteins. Rust pathogen 19 secretomes have the lowest percentage of apoplastic proteins, but these are highly enriched for predicted 20 effectors. ApoplastP pioneers apoplastic localization prediction using machine learning. It will facilitate 21 functional studies and will be valuable for predicting if an effector localizes to the apoplast or if it enters 22 plant cells. ApoplastP is available at
basic, acidic) in the sequence, total number of cysteines in the sequence, protein net charge, isoelectric point, 23 grand average of hydropathicity (GRAVY) as well as the protein instability index and protein aromaticity 24 calculated using ProtParam (Gasteiger et al., 2005) . As ProtParam does not allow ambiguous amino acids as 25 input, we replaced these with randomly selected respective amino acids (B replaced with D or N; Z replaced 26 with E or Q, X replaced with any amino acid). 27 Weka 3.8.1 was used to train machine learning classifiers (Frank, 2016) . For the Random Forest classifier, 28 proteins with probability > 0.55 were classified as apoplastic. Weka's CorrelationAttributeEval + Ranker 29 method was used to find the most discriminative features for classification. 30 In the evaluation, a true positive (TP) is an apoplastic protein that is correctly predicted as an apoplastic 31 protein and a false positive (FP) is a non-apoplastic protein incorrectly predicted as an apoplastic protein. A 32 true negative (TN) is a non-apoplastic protein that is correctly predicted as a non-apoplastic protein and a 33 5 false negative (FN) is an apoplastic protein incorrectly predicted as a non-apoplastic protein. Sensitivity 1 ( ( + ) ) is defined as the proportion of positives that are correctly identified whereas specificity ( ( + ) ) 2 is the proportion of negatives that are correctly identified. Precision (positive predictive value, PPV) is a 3 measure which captures the proportion of positive predictions that are true ( ( + ) ). Both accuracy 4 ( ( + ) ( + + + )
) and the Matthews Correlation Coefficient MCC ( ( × )−( × ) √( + )( + )( + ) ( + ) ) were also 5 used to evaluate the overall performance of the method. The MCC ranges from −1 to 1, with scores of −1 6 corresponding to predictions in total disagreement with the observations, 0 to random predictions and 1 to 7 predictions in perfect agreement with the observations. The receiver operating characteristic (ROC) curve is 8 drawn by plotting sensitivity against (1specificity) and the area under the curve (AUC) can be interpreted 9 as the probability that a classifier will rank a randomly chosen apoplastic protein higher than a randomly 10 chosen non-apoplastic protein. Therefore, a perfect classifier achieves an AUC of 1.0, whereas a random 11 classifier achieves an AUC of only 0.5.
12
For the evaluation, we collected plant and fungal proteins that have been experimentally shown to localize to these sets and only proteins that have a predicted signal peptide were kept. 25 All plots were produced using ggplot2 (Wickham, 2009) Sequencing Project); Puccinia striiformis f. sp. tritici PST-130 (Cantu et al., 2011) ; Blumeria graminis f. sp. hordei (Spanu et al., 2010) ; Blumeria graminis f. sp. tritici (Wicker et al., 2013) analysis of the Pgt 21-0 gene set (Love et al., 2014) . Genes showing differential expression (adjusted p-1 value padj < 0.1) in haustorial tissue versus germinated spores were selected at logFC thresholds of -1.0, 1.0, 2 -10 and 10.
3
Results

4
An enrichment in cysteines is a feature of apoplastic fungal and oomycete effectors, but not of 5 apoplastic plant proteins 6 The plant apoplast is a harsh physiological environment rich in degradative proteases (Kamoun, 2006; Lo 7 Presti et al., 2015) and is likely to impose particular stability constraints on apoplastic proteins. We first 8 investigated if a small size and high cysteine content, as routinely used as criteria for fungal effector 9 prediction (Stergiopoulos & de Wit, 2009; Sperschneider et al., 2015a) , is sufficient for predicting apoplastic 10 localization. First, we compared 29 experimentally validated apoplastic fungal effectors to 29 11 experimentally validated cytoplasmic fungal effectors (Table 1) . We observed no significant differences 12 between the two groups in terms of sequence length, but we found a significantly higher percentage of 13 cysteines as well as a higher total number of cysteines for apoplastic fungal effectors ( Fig. 1A ). We then 14 tested simple classifiers using different thresholds for cysteine content and found that this resulted in high 15 false positive rates of 19.2% to 43.7%. This suggests that thresholds for cysteine content do not allow for 16 highly accurate discrimination of apoplastic effectors from cytoplasmic effectors in fungi (Table 2) . For 17 example, a small size and high cysteine content are also found in intracellular fungal effectors such as the 18 Melampsora lini effectors AvrP123 (117 aas, 11 cysteines) and AvrP4 (95 aas, 7 cysteines).
19
For 19 experimentally validated apoplastic oomycete effectors and 38 experimentally validated cytoplasmic 20 oomycete effectors (Table 1) , we observed no significant differences in sequence length distribution ( cytoplasmic oomycete effectors. We tested different thresholds for cysteine content and found that a 23 threshold of >= four cysteines achieved sensitivity of 69.6% and false positive rate of 8.8%. This suggests 24 that a simple classifier using a threshold of at least four cysteines in the sequence can predict oomycete 25 apoplastic effectors more accurately than fungal apoplastic effectors (Table 2) . However, there are 26 exceptions such as the oomycete pathogen Phytophthora sojae that employs an essential apoplastic effector 27 called PsXEG1 with only two cysteines in its sequence (Ma et al., 2015) . 28 We then compared the distribution of sequence length and cysteine content for 349 apoplastic plant proteins To assess if protein properties can accurately distinguish apoplastic proteins from cytoplasmic proteins for 7 both effectors and plant proteins, we trained a machine learning classifier (Fig. 2) . We combined apoplastic 8 plant proteins and randomly selected fungal and oomycete effector proteins (Table 1) thresholds from the previous section. On the set of effectors that share no overlap with the training data, 1 ApoplastP improves accuracy by 12.5% for fungi and by 13.7% for oomycetes (Table 3) . 2 We selected the six most discriminative features that separate non-apoplastic from apoplastic proteins as 3 predicted by WEKA and plotted their distribution in the positive and training sequence data. Overall, 4 apoplastic proteins appear to be enriched in small amino acids, tiny amino acids and cysteines as well as 5 depleted in glutamic acid, charged amino acids and acidic amino acids (Fig. 3) . The enrichment and 6 depletion analysis confirms that apoplastic localization is not a feature of a high cysteine content alone and 7 that machine learning is sensitive to discovering compositional patterns of apoplastic proteins.
8
The signal that separates apoplastic proteins from non-apoplastic proteins is not related to the 9 presence of a signal peptide 10 As the positive training set consists of protein sequences with signal peptides and the negative training set 11 consists of protein sequences without a signal peptide, we first assessed if ApoplastP is biased towards 12 recognizing properties relating to secretion alone. Thus, we tested ApoplastP on secreted proteins (including 13 their signal peptides) that do not reside in the plant apoplast. The first set we used is cytoplasmic effectors as 14 these are secreted but enter the plant cell and act intracellularly (Table 1) ToxB is an effector that is secreted into the apoplast and acts extracellularly (Figueroa et al., 2015) and the 21 similarity on the structure level to the intracellular effector AvrPiz-t and Avr-Pik could explain their 22 prediction as apoplastic. Taken together, we estimate that ApoplastP has a false positive rate of 4.4% on 23 cytoplasmic effectors, as compared to 1.8% in 10-fold cross-validation on intracellular plant proteins. The 24 removal of the first 20 aas as the default signal peptide region has no impact on the false positive rate for 25 this set (Table 4 ). ApoplastP also has a low false positive rate of 0.8% on 358 RXLR effector candidates 26 (HMM model, Win et al. (2007)). 27 We then used non-apoplastic fungal, plant and mammalian proteins with a predicted signal peptide to further 28 assess the false positive rate of ApoplastP. Proteins with a predicted signal peptide are not necessarily 29 released to the extracellular space, but can be retained in the endoplasmic reticulum (ER) or Golgi apparatus, 30 be directed to the lysosome or vacuole, contain transmembrane helices or a GPI-anchor that anchors it to the 31 outer face of the plasma membrane. We took plant and fungal proteins that have been experimentally shown 32 to localize to the ER, Golgi, vacuole or contain transmembrane domains, yet also have a predicted signal 33 peptide. Plant GPI-anchored proteins can be anchored to the apoplastic face of the membranes and those 34 from pathogens have been found to interact with host cells and can be required for virulence, therefore we 1 did not include them. We also took extracellular mammalian proteins with a predicted signal peptide as a 2 negative test set. Overall, ApoplastP has a false positive rate of 6% on all 1,217 plant, fungal and 3 mammalian non-apoplastic proteins with a predicted signal peptide (Table 5) . We observed the highest false proteins identified from extracellular fluid as apoplastic, namely the apoplast-localized lectin. (Table 6 ). The 20 other 13 proteins are annotated as a golgi-membrane localized hexosyltransferase, a cytochrome p450 21 protein, a mitochondrial pentatricopeptide protein, a splicing factor Sc35 protein, an amidase protein, a 22 mitochondrial maturase protein, a mutator like-transposase, an LEA protein, a membrane-localized heat 23 shock protein, a transcription factor, an embryonic DC-8 protein, a WEB family protein and a protein kinase 24 protein, which indicates their likely localization to membranes or the plant intracellular space.
25
Unconventionally secreted proteins from fungi include the Cts1 endochitinase from Ustilago maydis with a 26 putative apoplastic localization and this is also predicted as apoplastic by ApoplastP. ApoplastP predicts only 9.1% as apoplastic (Table 7) . This is consistent with the haustorial structure in rust ApoplastP correctly identifies 75% of apoplastic effectors in independent test sets 9 We used an independent test set of 32 apoplastic effectors from fungi, oomycetes and nematodes to assess 10 the true positive rate (correctly identified apoplastic proteins) of ApoplastP. We found that ApoplastP 11 delivers a high true positive rate of 75% on the experimentally validated apoplastic effectors, but does not 12 identify 8 effectors (AvrLm1, PstSCR1, CfTom1, EPI10, OPEL, Crt-1, HYP-3 and CLE-1) as apoplastic 13 (Table 8 ).
14 We then tested ApoplastP on 923 apoplastic proteins from both plant and pathogens that were determined 15 using proteomics (Table 9 ). Apoplastic proteomics is prone to false positives due to the potential for cell 16 damage that can lead to contamination of the sample with cytoplasmic proteins (Delaunois et al., 2014) .
17
Therefore, we tested ApoplastP using both the apoplastic proteome set as well as on only the 480 proteins in on all proteomics sets of 33%. Applying ApoplastP to only the proteins with a predicted signal peptide 23 increases the prediction rate to an average of 55.2%. In the previous section we showed that ApoplastP 24 correctly predicts the localization of six unconventionally secreted proteins and despite this being a small 25 test set, it could indicate that the proteomics sets do indeed contain substantial contamination from 26 cytoplasmic proteins or cell wall proteins.
27
The secretomes of saprophytic fungi, necrotrophic plant pathogens and extracellular fungal 28 pathogens are enriched for predicted apoplastic proteins 29 We applied ApoplastP to the predicted secretomes of published fungal and oomycete genomes (see 30 Methods) and plotted the percentages of predicted apoplastic proteins (Fig. 4A) . Overall, the proportions of 31 predicted apoplastic proteins in secretomes correspond well with the extracellular and intracellular 32 colonization strategies of the fungal and oomycete pathogens that were tested. The highest proportions of 33 predicted apoplastic proteins were recorded for the secretomes of the wood rotting saprophyte Dichomitus 34 squalens (57.3%), the white rot saprophytes Punctularia strigosozonata (57.3%) and were recorded for the fungal saprophytes Pichia stipitis (8.4%), Hysterium pulicare (8.9%) and Wolfiporia 20 cocos (9%). We compared the percentages of predicted effectors in the apoplastic set to predicted effectors 21 in the non-apoplastic set (Fig. 5) . Amongst pathogenic fungi, we found significant differences only for the 22 rust pathogens, with an average of 52.1% apoplastic proteins predicted as effectors, whereas only 33.5% of 23 non-apoplastic secreted proteins are predicted as effectors. An outlier in this set is Melampsora lini, which 24 has only 25.7% apoplastic proteins predicted as effectors. Taken together, this indicates that the prediction 25 abilities of EffectorP and ApoplastP are distinct, and that whilst the percentage of apoplastic proteins in rust 26 pathogen secretomes is low, they are highly enriched for predicted effectors.
Conserved sequence motifs in predicted cytoplasmic effector candidates 28 We predicted apoplastic and non-apoplastic (cytoplasmic) effector candidates in fungi using ApoplastP and 29 EffectorP. To find conserved motifs in predicted cytoplasmic effector candidates, we reduced the sequence 30 homology in each set and applied a MEME motif search (Bailey et al., 2009) with the setting of one 31 occurrence of a motif per sequence. Even though EffectorP is not designed for effector prediction in 32 oomycetes, we used this methodology as a positive control on Phytophthora infestans. As expected, MEME 33 returned the RxLR (yet with a non-significant E-value > 0.05) and dEER motifs (E-value 2.2x10 -28 ) in the 34 13 cytoplasmic effector candidate set (Fig. 6 ), but not in the apoplastic effector candidate set. For the fungal 1 pathogens, we found the [YFW]xC motif in the predicted cytoplasmic effector candidate set of Blumeria 2 graminis f. sp. hordei (E-value 1.2 x10 -33 , Fig. 6C ), however it was also detected in the respective predicted 3 apoplastic effector candidate set albeit with non-significant E-value (Fig. 6D ). Weak conservation for the 4
[YFW]xC motif was also found for the Puccinia graminis f. sp. tritici cytoplasmic effector candidate set 5 (non-significant E-value > 0.05, Fig. 6E ).
6
We also observed an enrichment in a proline at the +1 position after the predicted signal peptide cleavage 7 site in fungal secretomes. We therefore performed a systematic search for +1 prolines in the mature protein has a pro-domain after the signal peptide region that is thought to be important for folding, but not necessary 18 for toxic activity (Tuori et al., 2000; Ciuffetti et al., 2010) . Taken together, this suggests that a +1 proline 19 after the predicted signal peptide cleavage site is a prevalent characteristic of secreted fungal proteins, 20 however it is unlikely related to fungal effector function.
21
Discussion
22
The plant apoplast is integral to essential plant processes such as intercellular signalling and transport. to be secreted can also localize to the cell walls or be retained intracellularly (Emanuelsson et al., 2007) .
31
Furthermore, effectors can either function in the plant apoplast or enter the plant cell cytoplasm and being 32 able to discriminate between these two localizations accurately is highly desirable for shortlisting prime 33 effector candidates for subsequent experimental validation.
34 1 respective plant targets and thus are likely to carry subcellular localization signals which may be cryptic.
2
This also means that for training machine learning classifiers for effector localization prediction, one can 3 take advantage of the large number of experimentally validated plant proteins with localization data, as 4 effectors likely exploit the plant cell machinery for localization and function. Using both plant and effector 5 localization data, we have pioneered a data-driven machine learning approach called ApoplastP that can 6 predict if a protein localizes to the plant apoplast. By using machine learning, we were able to exploit 7 compositional differences between apoplastic proteins and intracellular plant proteins that were previously 8 unrecognized such as a depletion in glutamic acid for apoplastic proteins. ApoplastP outperforms the 9 common approach of selecting apoplastic effectors from secretomes based on a high cysteine content, highlights the benefit of using data-driven machine learning classifiers over classifiers that rely on user-23 driven thresholds in the field of plant-pathogen interactions. 
